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Abstract

Mechanistic interpretability claims often show
that intervening on a circuit, feature, or represen-
tation changes a target behavior. Such target ef-
fects are necessary but insufficient: broad, lexical,
confounded, or template-fragile interventions can
produce the same evidence. We propose mech-
anistic unit tests, a negative-control protocol for
evaluating the specificity of circuit and feature
claims. The protocol asks whether a proposed
mechanism survives nuisance rewrites, fails on
matched negatives, avoids off-target damage, and
dominates cheap same-budget baselines. We sum-
marize these trade-offs with specificity frontiers,
plotting target effect against off-target damage
across intervention strengths. A controlled case
study and a small distilgpt2 pilot show how
target-only evidence can hide lexical and nega-
tion failures. The contribution is a falsification
layer for mechanistic claims, not a new discovery
method.

1. Motivation

Many mechanistic interpretability methods can show that in-
ternal variables affect behavior: activation patching, causal
tracing, mediation analysis, circuit discovery, sparse feature
dictionaries, causal abstraction tests, and emerging bench-
marks for causal localization and SAE evaluation (Vig et al.,
2020; Meng et al., 2022a; Conmy et al., 2023; Bricken
et al., 2023; Cunningham et al., 2023; Chan et al., 2022;
Geiger et al., 2025; Mueller et al., 2025; Karvonen et al.,
2025; Arora et al., 2024). What remains less standardized
is the evidence that a proposed mechanism is specific. An
intervention on variables H may change behavior Y while
also damaging unrelated behaviors, exploiting a lexical ar-
tifact, or depending on the exact prompt template used to
discover it. In safety-relevant settings, false specificity is
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especially dangerous: a circuit may appear to explain de-
ception, refusal, or factual recall while actually tracking a
prompt artifact or causing broad behavioral damage.

Software engineering often handles fragile claims about
code by pairing tests that should pass with tests that should
fail. We argue that mechanistic interpretability needs an
analogous norm. A claim should routinely report not only
“does this mechanism move the target?”, but also “does it fail
where the proposed explanation says it should fail?”” This
framing makes negative results informative: a failed unit
test can identify where the explanation stops applying.

We contribute a method-agnostic reporting protocol for test-
ing specificity. The key object is a claim-test bundle: a stated
mechanism, intervention budget, invariance expectations,
exclusion expectations, off-target probes, and same-budget
baselines. This bundle adds a falsification layer to existing
discovery methods, then summarizes the trade-off between
target effect and collateral damage with a specificity frontier.

Our proposal is complementary to existing causal inter-
pretability methods. Causal abstraction and causal scrub-
bing formalize whether a proposed high-level causal model
is implemented by a network; activation patching and cir-
cuit discovery ask which components matter; MIB, Causal-
Gym, and SAEBench compare methods and representations
(Geiger et al., 2025; Chan et al., 2022; Zhang & Nanda,
2023; Heimersheim & Nanda, 2024; Mueller et al., 2025;
Arora et al., 2024; Karvonen et al., 2025). Mechanistic
unit tests ask a narrower reporting question: once a method
proposes H, what contrast sets, rewrites, held-out controls,
and same-budget baselines would make the claim fail? This
scope lets the same reporting questions apply to circuits,
SAE features, steering vectors, probes, model editing, and
model repair (Meng et al., 2022a;b; Marks et al., 2025;
Turner et al., 2023; Zou et al., 2023). The protocol also bor-
rows deliberately from negative-control methodology and
behavioral testing traditions (Lipsitch et al., 2010; Ribeiro
et al., 2020; Gardner et al., 2020).

2. Mechanistic Unit Tests

Let a mechanistic claim have the form: internal variables H
implement or mediate target behavior Y; on distribution Dj.
A unit test is a deliberately small perturbation of the claim
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Figure 1. Mechanistic unit tests turn target-effect claims into specificity claims. A: each claim specifies expected passes and failures.
B: the controlled case reports the full test vector at intervention strength 1.0; lexical and broad interventions pass the target-only check but
fail controls. C: specificity frontiers sweep intervention strength. Up is more target effect, left is less control damage; the best frontier is
therefore upper-left. The shaded band shows what target-only evaluation would accept while ignoring damage.

that should have a predictable outcome if the explanation
is right. We propose four tests that can be attached to acti-
vation patching, feature ablation, steering, probing, circuit
discovery, or sparse-autoencoder analyses.

Positive control. The proposed intervention should move
the target behavior on the distribution used to state the claim.
This is the usual causal-effect test and remains necessary.

Matched negative. The same intervention should not pro-
duce the target effect on examples that preserve superficial
cues while removing the claimed mechanism, e.g., same
entities but different relation. This test targets lexical, entity,
and formatting confounds.

Nuisance rewrite. The effect should persist under
meaning-preserving rewrites, e.g., paraphrases, tokeniza-
tion variants, order changes, or language variants when the
claim is semantic rather than template-specific. This test
targets brittle prompt-template mechanisms.

Off-target probe. The intervention should avoid large
changes on unrelated capabilities that the mechanism does
not claim to mediate, e.g., syntax, factual recall outside the
domain, arithmetic, refusals, or calibration. This test targets
interventions whose apparent success comes from broader
model damage.

3. Specificity Frontiers

Let a mechanistic hypothesis specify internal variables H,
an intervention family I with strength or size parameter ),

a target behavior Yz, and a set of controls C = {Y7,..., Y, }.
Define target effect
T(A) :EINDt [A(Yt,M, I,\(H),CL‘)] ()

and off-target damage
1 m
D) = — ;Eij (1A, M, Ix(H), )]l (2)
J:

Here A can be a logit difference, probability change, accu-
racy change, calibration error, or task-specific scalar. Con-
trols should be normalized by a predeclared tolerance, task
range, or null-intervention variability before aggregation;
papers should report both mean and maximum normalized
damage so that a single catastrophic control failure is not
hidden. The specificity frontier is the Pareto curve traced
by (D(A), T'(A\)) across intervention strengths. A claim is
stronger when its frontier reaches the same target effect with
lower off-target damage, or higher target effect at the same
damage, than same-budget baselines.

Baselines. The minimum comparison set is deliberately
cheap: random same-size variable sets, high-activation vari-
ables, lexical-trigger variables, and same-layer patches of
equal dimension. Baselines should match layer/site, di-
mensionality or sparsity budget, ablation type, corruption
distribution, and metric choice, since activation-patching
conclusions can be sensitive to these design choices (Zhang
& Nanda, 2023; Heimersheim & Nanda, 2024; Syed et al.,
2023). These baselines test whether the claimed mechanism
improves over intervention power, activation magnitude, or
prompt artifacts alone.
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4. Protocol

The protocol is intentionally small enough to fit into existing
mechanistic interpretability papers.

1. State a falsifiable claim: *“variables I implement or
mediate behavior Y; under distribution D;.”

2. Specify the intervention family and expected sign of
each test before seeing control outcomes.

3. Construct at least one matched negative, one nuisance
rewrite set, and one off-target probe set.

4. Plot or tabulate the specificity frontier for the hypothe-
sis and baselines.

5. Report failures: controls where the intervention moves
too much, rewrites where the effect disappears, and
baselines that match the claimed frontier.

A useful unit test has an expected direction, not just an ex-
pected magnitude. For example, if a claimed semantic direc-
tion is ablated, target confidence should fall on paraphrases
that preserve the semantic fact; if the sign reverses under
a superficial rewrite, the result suggests a boundary of the
explanation. Thresholds should be chosen before evaluation
and reported with enough raw effects for readers to apply
stricter thresholds. At minimum, authors should report: tar-
get metric, control metrics, normalization denominator, tar-
get threshold, mean- and max-damage thresholds, bootstrap
or seed intervals, number of controls, discovery/test split,
and whether each control was predeclared or exploratory.
Figure 1 summarizes the resulting reporting standard.

5. Controlled Case Study

We test the protocol in a controlled hidden-state system with
rotated, mildly entangled latent variables: semantic content,
a lexical surface cue, and an unrelated control feature. The
target head uses both semantic content and a correlated lexi-
cal cue. Thus, ablating the lexical direction looks successful
on the target distribution, even though the explanation “this
is the semantic mechanism” is false. The controlled case
study is not evidence that this failure mode is common in
frontier models; its role is to isolate the logic of the test
suite in a setting where the ground-truth mechanism and
confound are known.

Figure 1 shows the expected behavior of the test suite in this
controlled setting. A semantic direction changes the target
and remains stable under meaning-preserving rewrites. The
lexical cue nearly matches the target effect, but its sign flips
under rewrite and it moves the matched lexical negative. The
broad patch achieves an even larger target effect, but also
causes high control damage. The random direction fails the

positive control. Figure labels use predeclared illustrative
thresholds: target effect at least 0.20, rewrite effect at least
0.50 times target effect, and each control damage below
0.40 times target effect; raw effects are reported so stricter
thresholds can be applied. Across 50 seeds, the semantic
direction has target effect 1.12 £ 0.03 and mean damage
0.2440.02, while the lexical cue has target effect 1.0340.03
but mean damage 0.56+0.01; these are seed-to-seed sample
standard deviations. Target effect alone would rank these
mechanisms incorrectly; unit tests expose why.

6. Real-Model Pilot

To check that the protocol is operational in a standard mech-
anistic workflow, we run a small activation-intervention
pilot on distilgpt2. We form final-token hidden-state
directions at layer 4 from simple positive/negative review
prompts, then ablate those directions at a predeclared
strength A = 1.0 while measuring next-token logit margins
between good and bad. The target set uses held-out
review prompts, rewrites replace the discovery verbs with
paraphrases, matched negatives use negation while preserv-
ing surface cues, and off-target probes use unrelated factual
next-token choices. The goal is not to establish a new sen-
timent circuit; it is to test whether target-only evidence
survives the unit-test bundle.

Table 1. Real-model pilot. Both discovered directions move the
target margin and survive rewrites, but fail matched negatives with
negation. Matched and off-target columns report absolute control
damage.

Candidate A Target Rewrite  Matched  Off-tgt  Verdict
sentiment 1.0 0.75 0.68 0.80 0.33  matched
love/hate 1.0 0.62 0.58 0.80 0.43  matched
random 1.0 -0.00 -0.00 0.01 0.01 low target

Table 1 shows the same pattern as the controlled case in an
actual transformer: target-only evaluation would make both
the sentiment and love/hate directions look promising, while
matched negatives reveal that the claim scope is too broad.
This is the intended use of mechanistic unit tests: they
need not prove a mechanism correct; they make overbroad
explanations fail visibly.

7. Reference Implementation

A small implementation can accept per-example target and
control effects and return frontier points plus matched-
grid comparisons. Such code is intended to sit down-
stream of activation patching in TransformerLens (Nanda &
Bloom, 2022), nnsight-style tracing (Fiotto-Kaufman et al.,
2024), sparse-autoencoder feature interventions, causal era-
sure/probing analyses, or activation steering. The controlled
case study and figure are generated by scripts so that the
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numeric summary and frontier plot can be regenerated from
the same inputs.

Its purpose is to make the reporting standard easy to adopt
and easy to criticize. In model case studies, the same fields
shown in Figure 1 can be filled with actual target/control
distributions and released with anonymized code when an
artifact channel is available.

8. Positioning and Limitations

Unit tests are not a replacement for mechanistic understand-
ing. A true mechanism may affect many behaviors because
the model reuses a representation broadly. Conversely, a
highly specific intervention may be brittle or artificial. Low
off-target damage is therefore not a universal requirement
for correctness. Damage should be interpreted relative to
the scope of the claim: if a representation is claimed to
mediate a broad capability, broad effects may be expected,
but that scope should be stated before evaluation and tested
against controls outside it. The proposed frontier is an ev-
idential diagnostic, not proof that H is the model’s native
abstraction.

The protocol also depends on good controls. Poorly chosen
negatives can make any method look specific, while overly
broad off-target probes can punish genuine shared mech-
anisms. We recommend treating control design as part of
the contribution and reporting the rationale for each control
distribution.

The standard can also be gamed if controls are selected after
seeing failures. For this reason, we recommend separating
discovery examples from unit-test examples, reporting all
attempted controls, and treating post-hoc controls as ex-
ploratory. This is the same discipline that makes negative
results useful: a failed test should be visible even when it
complicates the story.

9. Conclusion

Mechanistic claims are more useful when they specify how
they could be wrong. Mechanistic unit tests make those
failure conditions explicit through matched negatives, nui-
sance rewrites, off-target probes, and same-budget base-
lines. Specificity frontiers then show whether an interven-
tion achieves target effects with low measured off-target
damage. This standard does not prove a mechanism correct,
but it makes overbroad explanations easier to detect and
stronger explanations easier to compare.
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A. Reporting Checklist

For each mechanistic claim, authors should disclose:

* Claim scope: behavior and distribution mediated by
H.

» Intervention budget: layer, site, dimension, sparsity,
and strength.

¢ Invariance tests: rewrites where the effect should
persist.

¢ Exclusion tests: matched negatives where the effect
should vanish.

* Damage probes: behaviors expected to remain stable.

* Baselines: same-budget random, high-activation, lexi-
cal, or site controls.

* Predeclaration: which controls were predeclared vs.
exploratory.



